Introduction A major challenge in Romania is the optimisation of antiretroviral therapy for the many HIV-infected adults with, on average, a decade of treatment experience. The RDI has developed computational models that predict virological response to therapy but these require a genotype, which is not routinely available in Romania. Moreover the models, which were trained without any Romanian data, have proved most accurate for patients from the healthcare settings that contributed the training data. Here we develop and test a novel model that does not require a genotype, with test data from Romania.
Introduction
Combination antiretroviral therapy (ART) has made the long-term suppression of HIV and prevention of HIV disease progression a reality in well-resourced health care settings. Nevertheless, despite the availability of approximately 25 antiretroviral drugs from six classes, viral breakthrough, often with the emergence of drugresistant virus, remains a significant challenge.
The long-term re-suppression of drug resistant virus requires the optimal selection of the next combination of drugs. However, the complexities of the genetic basis of HIV drug resistance and the number of potential drug combinations available make optimal, individualised sequencing of therapy highly challenging. 3 For physicians with limited experience or resources, treatment decisions can be even more difficult.
In well-resourced settings, a genotypic resistance test is usually performed following treatment failure. 2 Interpretation of this genotype can be complex and is usually performed using rules-based software that relates point mutations to viral susceptibility to single drugs. 4 However, different systems provide different interpretations and it is difficult to relate the results for individual drugs to the likely responses to potential drug combinations. [5] [6] [7] [8] [9] Indeed, genotypic sensitivity score (derived by allocating scores for each drug in a regimen according to whether the genotype interpretation predicts the virus will be sensitive, intermediate or resistant to the drug) have been shown to be relatively weak predictors of virological response. 10, 11 The development of computational models to obtain, directly from the genotype and other clinical information, a quantitative prediction of virological response to any combination of drugs, rather than to individual agents, may offer a potential clinical advantage. However, this approach has an inherent challenge: the considerable quantity of data required for the modelling to incorporate a range of prognostic variables, multiple possible drug-genotype permutations and their respective drug response data. 12 The HIV Resistance Response Database Initiative (RDI) was established in 2002 explicitly to address the challenge of large-scale data collection required for this approach and then to develop such models. 13 Currently we have collected data from approximately 85000 patients in a standardised Oracle database. These are predominantly from Western Europe and North America but also from Africa, Australia, Japan and most recently Romania. We have trained computational models to predict virological response to treatment from genotype, viral load, CD4 cell count, and treatment history with 80% accuracy. 14, 15 This compares favourably with a 50-70% predictive accuracy typically achieved with genotypic sensitivity scores. 15, 16 This approach could be of particular clinical utility in resource-limited settings (RLS). However, the models described above require genotyping, which is not generally available in RLS. Moreover, since the great majority of the RDI's data are from clinical practice in wellresourced countries and previous studies have shown that models are most accurate for patients from 'familiar' settings from which the training data were collected, a concern was that the encouraging performance of the models would not be replicated when the models were applied to cases in unfamiliar RLS. 16 In this study, two computational models were developed with a training dataset excluding cases from Romania, one including and one excluding the genotype from their input variable sets. The accuracy of the models for predicting treatment responses for cases from the same settings as provided the training data was compared and the performance of the 'no-genotype' model tested with cases without genotypes from the 'unfamiliar' setting of Romania.
Methods
The following data were extracted from the RDI database for cases where a patient's antiretroviral treatment was changed: baseline plasma viral load (copies/ml HIV RNA) collected up to eight weeks before the time of treatment change; baseline CD4 count (cells/ml) and genotype collected up to 12 weeks prior to the time of treatment change; antiretroviral drugs in the patient's treatment history and in the new, changed regimen; time to follow-up viral load determination (accepted between 4-48 weeks following the treatment change) and the followup viral load value. The data from each case is termed a Treatment Change Episode (TCE), as illustrated in figure 1. The TCEs from Romania (39 from 19 patients) were excluded and the remaining TCEs partitioned at random into a training set of 3188 TCEs and a test set of 100. While information on viral subtype was not provided with much of the data, given the geographical location from where the data came it is reasonable to assume that most were subtype B and few, if any, were F1, the predominant subtype in Romania.
Figure 1: The Treatment Change Episode (TCE)
The training data were used to train two random forest models to estimate the probability of virological response (follow-up plasma viral load <50 copies HIV RNA/ml), using methodology described in detail elsewhere. 14 The principle of RF modelling is to develop large numbers of decision trees in parallel. Then for a given sample, votes are carried out over all the trees in the forest. The individual trees are built using different sets of samples from the training dataset. In each node of a tree, the splitting feature is selected from a randomly chosen sample of the input variables. In RF modelling, the training datasets of the individual trees are built by bootstrap replication, leaving about onethird of the samples out of the bootstrap sample, which are used for validation. The injection of randomness makes RF highly resistant to overfitting. 17, 18 One RF model was trained using 82 input variables, including 58 mutations from the baseline genotype, the baseline viral load and CD4 count, the drugs in the treatment history and in the new regimen and the time to followup. The genotype was excluded from the training of the second model, which made its predictions using the remaining 24 variables. During training, large numbers of RF models were developed and the most accurate selected for evaluation.
The accuracy of both models was evaluated using the test set of 100 RDI TCEs and the accuracy of the 'no-genotype' model further evaluated using three test sets derived from the 39 TCEs from Romania. Since these TCEs included viral loads with different lower limits of detection some of which were above 50 copies/ml HIV RNA, three test sets were produced as follows: Set 1: All cases with a viral load recorded as <400 were treated as being <50 (n=39); Set 2: values of <400 were omitted from the analysis but cases with a cut-off between 50 and 400 (e.g. <80, <100) were included as being <50 (n=30) and Set 3: all cases with a viral load cut-off above 50 were omitted (n=25).
The baseline data from the test TCEs were input into the model and its estimates of the probability of virological response compared to the responses actually observed in the clinic. Receiver-operator characteristic (ROC) curves were plotted and the area under the ROC curve (AUC), the principle measure of a predictive model's performance, obtained as well as the overall accuracy, the sensitivity and the specificity. The difference between the 'no genotype' model's performance (AUC) with each of the three Romanian data sets was tested for statistical significance using DeLong's test.
Results
The 3188 training TCEs had a mean (median) baseline viral load of 4.18 (4.27) and a mean (median) CD4 count of 296 (254). The patients had been exposed to a mean (median) of 2.27 (2) drug classes prior to treatment change. 31% had a virological response (viral load <50 copies/ml) following the treatment change. The 39 Romanian TCEs were from pre-treated patients with a mean (median) baseline VL of 3.62 (3.59) log and CD4 count of 453 (369) cells/ml. The patients had been exposed to a mean (median) of 2.74 (3) drug classes prior to treatment change. 33% had a virological response The Treatment Change Episode (TCE) (viral load <50 copies/ml) following the treatment change.
The AUC for the 'no genotype' model when tested with the independent test set of 100 RDI TCEs was 0.86 and the overall accuracy was 78% (figure 2). Sensitivity was 71% and specificity was 89%. These figures compare with an AUC value of 0.88 and overall accuracy of 82%, sensitivity of 86% and specificity of 76% for the model that used the genotype in making its predictions. For the Romania test set 1, the AUC was 0.60 and overall accuracy was 67%. The sensitivity was 74% and the specificity 60%. For test set 2, the AUC was 0.74 and accuracy was 70%. The sensitivity was 63% and the specificity 82%. For test set 3, the AUC was 0.83 and accuracy was 79%. The sensitivity was 75% and the specificity 88%. The differences in the AUC figures for the three datasets were not statistically significant, although there was a trend towards a statistically significant difference between set 1 and set 3 (p=0.08). The ROC curves for all three data sets are presented in figure 3 and the results summarised in table 1. Four of the nine TCEs removed in order to obtain set 3 that had followup viral loads recorded as <400 were predicted by the models in analysis 1 to be failures (VL ≥50 copies). 
Discussion
Our study demonstrates the potential utility of the RDI computational models to help optimise therapy for treatment-experienced patients in countries with limited resources where genotyping is not always available.
The 'no genotype' RF model was able to predict response to cART with only marginally less accuracy than a model trained with the same TCEs, including the genotype. The difference was not statistically significant.
The model predicted treatment responses in a group of heavily pre-treated Romanian patients with clade F virus and without genotypes with a level of accuracy that was encouraging, despite having been trained without data from Romania. While the AUC for sets 1 and 2 were reduced compared to the AUC for the RDI TCEs, set 3 which excluded all those cases with unknown viral loads between 50 and 400 copies/ml, resulted in comparable accuracy. While these results suggest that the predictions of the RDI models may be generalisable beyond the clinics and settings from which the training data were obtained and apparently irrespective of HIV clade, the test sets used here were very small and it is difficult to draw firm conclusions. Certainly, previous studies by the RDI have demonstrated that the accuracy of its models is reduced when making predictions for patients from novel settings.
The differences in results between the three Romanian test sets suggests that relatively small differences in virological response near the limit of detection are important and within the scope of the models' predictions.
In conclusion, computational models can predict virological response to ART with a high degree of accuracy. This approach has the potential to improve patient outcomes and to reduce treatment costs through the avoidance of unnecessary or premature switching to expensive, newer drugs, even in settings where genotyping is not generally available.
Optimising the accuracy and utility of the system for use in Romania, or in fact any particular setting, is likely to depend crucially on obtaining sufficient data from that setting. Such data would be used in both the training of models that are 'familiar' with clinical practice in that setting and for adequate testing of those models. The RDI is engaged in the further collection of data with a focus on Eastern Europe and sub-Saharan Africa, with the aim of developing models specifically for those regions.
The RDI's HIV Treatment Response Prediction System (HIV-TRePS) is now available as a free, experimental treatment support tool at www.hivrdi.org.
